International Journal of Advanced Culture Technology Vol.10 No.2 246-251 (2022)
DOI https://doi.org/10.17703/1JACT.2022.10.2.246

IJACT 22-6-33

Comparison of On-Device Al Software Tools

'Hong-Jong Song

1Senior Research Engineer, 4th Industrial ICT Team National Radio Research Agency
shjong@korea.kr

Abstract

As the number of data and devices explodes, centralized data processing and Al analysis have limitations
due to the load on the network and cloud. On-device Al technology can provide intelligent services without
overloading the network and cloud because the deviceitself performs Al models. Accordingly, the need for on-
device Al technology is emerging. Many smartphones are equipped with On-Device Al technology to support
the use of related functions. In this paper, we compar e software tools that implement On-Device Al.
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1. INTRODUCTION

From an application point of view, the demand facimne learning systems has increased over the past
few years. Machine Learning (ML) has been adopted wide range of applications.[1] Cloud provides a
suitable machine learning platform because it @silyestore large amounts of data, has a low depémy
cost and high computing power.[2]

Machine learning is being used in a way that tfiermation collected from smart devices is transslitto
a cloud server for analysis and then received fitoerdevice again. In the case of real-time proogssi the
real world, many problems inevitably arise whencessing depends on a cloud server. On-device thieis
way to solve such problems. On-device Al collectd¢culates and processes information from smaitdsv
without going through a cloud server.

In this paper, we collect data on on-device Alwafe tools and compare and analyze the charaaterist
each on-device Al software tools based on this.

2. ON-DEVICE Al

On-Device Al is an emerging paradigm that aims takendevices more intelligent, autonomous and
proactive by equipping them with machine and deapning routines for robust decision making andhagt
execution in devices’ operations.

The advantages of on-device Al are as follows.[3]

- Increased speed and reduced latency. Becausevicedd\l does not need to communicate back ant fort

with the cloud, Al functions can perform seamlegslyeal-time with no communication or connectivity
related delays.
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- Improved data security and privacy. Because theai network is built into the device, there isrmeed
to send sensitive data to the cloud for procesdihtg means that your personal data is kept on gour

- Accessibility has been improved. Al and ML cagitibs are available completely off-line, so youngaow
access them anywhere, anytime.

- Lower costs. Businesses can reduce data progeamsihbandwidth costs by running on-device ML iadte
of using cloud processing.

- Reduce power consumption and extend batteryTllie.next-generation Al chip is designed to dracadli
reduce power usage and can even work when theedevin sleep mode. This keeps the speed of other
functions and preserves battery life.

- Personalized, customized Al models. The Al cluimes with pre-trained data-rich models. With onicev
Al, models are fine-tuned based on user input gutidnized for individual users.

Table 1. shows the list of on-device Al softwarel$d4] It can be seen that most of the compartias t
provide on-device Al functions are Al chip venddrhis means that the on-device Al function requane I
chip and data is processed and provided on thdipl ¢

Table 1. List of On-Device Al Software Tools

Tool Company
ML Kit Google
CoreML Apple
TensorRT Nvidia
ACL Arm
AIMET Qualcomm

3. ON-DEVICE Al SOFTWARE TOOLS
3.1 ML Kit

Table 2. ML Kit APIs

API Category Description
Barcode scanning | Scan and process barcodes. Supports most standard 1D and 2D formats.

Face detection Detect faces and facial landmarks.

Identify objects, locations, activities, animal species, products, and more. Use
Image labeling a general-purpose base model or tailor to your use case with a custom
TensorFlow Lite model.

Object detection | Localize and track in real time one or more objects in the live camera feed.
Vision and tracking
Text recognition | Recognize and extract text from images.

Digital Ink Recognizes handwritten text and handdrawn shapes on a digital surface, such
Recognition as a touch screen. Recognizes 300+ languages, emojis and basic shapes.
Pose detection | Detect the position of the human body in real time.
Selfie Separate the background from users within a scene and focus on what matters.
segmentation
Language 1D Determine the language of a string of text with only a few words.
On-device Translate text between 58 languages, entirely on device.
Natural translation
Language Smart Reply Generate reply suggestions in text conversations.

Detect and locate entities (such as addresses, date/time, phone numbers, and

Entity Extraction more) and take action based on those entities. Works in 15 languages.
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Google ML Kit brings Google's machine learning exige to mobile developers in a powerful, easy-4e-u
package. ML Kit's processing takes place on thécdehis increases speed and unlocks real-timeases
such as processing camera input. It also work$irgfand can be used to handle images and textrthat
remain on the device. ML Kit combines best-in-clasachine learning models with advanced processing
pipelines and delivers them through an easy-tcAld5]

The APIs of ML Kit are composed of vision API andtural language API as follows. The vision APl is
used for barcode, face, image recognition, objet¢ation and tracking, character recognition, dlgik
recognition, and selfie segmentation, while theuratlanguage API is used for language type, oriegev
translation, smart response, and word entity etitna.c

3.2 CoreML

Apple Core ML is optimized for on-device performanaf a broad variety of model types by leveraging
Apple hardware and minimizing memory footprint graver consumption. Core ML models run strictly on
the user's device and do not require a networkexiion, keeping your app responsive and keepingsbgs
data private. Core ML supports modern models sadteade-of-the-art neural networks designed to nstaied
images, video, sound, and other rich media. CorenMdidel deployment makes it easy to deploy models to
your app using CloudKit. Models from libraries likensorFlow or PyTorch can be converted to Core ML
much easier than before using the Core ML transl&todels bundled with your app can be updated wétr
data from the device, allowing models to remaievaht to user behavior without compromising privggly

Table 3. Models in Core ML format

Model Category Data Description
FCRN-Depth Depth Predict the depth from a single image.
e . . Image
Prediction Estimation
MNIST Drgv_vmg Image Classify a single handwritten digit (supports digits 0-9).
Classification
Undatable . Drawing classifier that learns to recognize new drawings based
. Drawing .
Drawing e Image |on a K-Nearest Neighbors model (KNN).
. Classification
Classifier
MobileNetV/2 Im_qge. Image Th_e Mpb|IeNetv2 archltectu.re trained to classify the dominant
Classification object in a camera frame or image.
Image A Residual Neural Network that will classify the dominant object
Resnet50 e Image |. :
Classification in a camera frame or image.
Image A small Deep Neural Network architecture that classifies the
SqueezeNet e Image . . .
Classification dominant object in a camera frame or image.
DeeplabV3 Image . Image Segment the pixels of a camera frame or image into a predefined
Segmentation set of classes.
YOLOV3 Objegt Image Locate and cIas§|fy 80 different types of objects present in a
Detection camera frame or image.
YOLOV3-Tiny Objegt Image Locate and cIas§|fy 80 different types of objects present in a
Detection camera frame or image.
PoseNet Eosg Image Estimates up to 17 joint positions for each person in an image.
Estimation
' Find answers to questions about paragraphs of text.
BERT-SQuAD | QUeStOn 1 oy | paragrap
Answering
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3.3 TensorRT

NVIDIA TensorRT is a SDK for high-performance delgarning inference, includes a deep learning
inference optimizer and runtime that delivers latehcy and high throughput for inference applicatio
TensorRT maximizes throughput with FP16 or INT8gomantizing models while maintaining accuracy, and
fusing nodes in the kernel to optimize usage of Gfdnory and bandwidth. It can also choose the dmat
layer and algorithm based on the target GPU platfeninimizing memory footprint and efficiently reng
memory for tensors. It uses a scalable designdogss multiple input streams in parallel, and aadyinally
generated kernel to optimize a recurrent neuralorkt over time steps. [7]

The following figure shows the workflow of TensorRY optimize and infer a trained model.
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Figure 1. TensorRT Workflow
34 Arm ComputeLibrary(ACL)

Arm Compute Library (ACL) is a collection of lowsel machine learning features optimized for the
Cortex-A CPU and Mali GPU architectures. The ligreg open source software available under the MIT
license. ACL provides more than 100 machine legrfumctions for CPU and GPU and multi-line alganith
such as GEMM, Winograd, FFT, Direct. It also suppaonultiple data types such as FP32, FP16, int83ui
BFloatl16, provides micro-architecture optimizatidbmskey ML primitives, highly configurable buildptions
that enable lightweight binaries, and more.[8]

3.5 Al Mode Efficiency Toolkit(AIMET)

Qualcomm AIMET is an open source library for optiing trained neural network models. It does this by
providing advanced model compression and quantizagichniques that reduce the model while maimtgini
operational accuracy. Smaller models provide bettetime performance, lower latency, and lower cotep
memory, and power consumption. Developers can rategAIMET's advanced model compression and
guantization algorithms into their PyTorch and TefRtow model building pipelines for automated post-
training optimization and model refinement. Automgtthese algorithms helps eliminate the need for
manually optimized neural networks that can be tm@suming, error prone, and difficult to itera®é.[

The following figure shows the AIMET workflow foregerating an optimization model through AIMET
compression and quantization of the trained madel,deploying the generated model to a smartphone.
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Figure 2. AIMET Workflow

4. COMPARISON OF ON-DEVICE Al SOFTWARE TOOLS

This section compares On-Device Al Software Toalshsas ML Kit, Core ML, TensorRT, Arm Compute
Library (ACL), and Al Model Efficiency Toolkit (AIMET).

Table 4. shows the systems and frameworks supploytdte on-device Al software tool. It can be stext
most on-device Al software tools support IOS andidid operating systems for smartphones to provige
device Al functions. Also, most on-device Al soft@dools support PyTorch and TensorFlow frameworks.
This is to use models built with PyTorch and TeRtow.

Table 4. Supported Systems and Framework of On-Device Al Software Tools

Tool Supported Systems Framework
ML Kit iOS, Android TensorFlow
CoreML i0S PyTorch, TensorFlow,
XGboost, scikit-learn, LIBSVM
TensorRT PyTorch, TensorFlow,
ONNX, MATLAB
ACL Linux, Android,
macOS, Bare Metal
AIMET PyTorch, TensorFlow

Table 5. Features of On-Device Al SW Tools

Tool Feature
ML Kit - Model Deployment : Firebase
CoreML - Model Deployment
- Model Encryption
TensorRT |- Quantization

- Layer and Tensor Fusion
- Multi-Stream Execution

ACL - Over 100 machine learning functions for CPU and GPU
- Multiple convolution algorithms (GEMM, Winograd, FFT and Direct)
AIMET - Model Compression

- Quantization
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Table 5. shows the features of the on-device Atwaok tool. ML Kit can deploy models to Firebase
programmatically using either Python or the Nod&KSD

Core ML model deployment makes it easy to deplodet®to your app using CloudKit. Core ML's Xcode
supports model encryption enabling additional sgctor your machine learning models.

TensorRT optimizes GPU memory and bandwidth usggading nodes in the kernel, and uses a scalable
design to process multiple input streams in pdralle

ACL provides multiple convolution algorithms and myanachine learning functions for CPU and GPU.

It can be seen that TensorRT and AIMET support tig@ion. Quantization maximizes throughput by
guantizing the model while maintaining accuracyMEIT provides model compression and quantization
techniques that reduce the model while maintaiojpeyational accuracy.

5. CONCLUSION

In this paper, the characteristics of on-devicesdftware tools such as ML Kit, CoreML, TensorRT,IAC
and AIMET were investigated.

It can be seen that most on-device Al softwarestpobvide APIs, various learning models, and oation
functions that support various Al functions on-aevi Machine learning is being used in a way that th
information collected from smart devices is trartszdito a cloud server for analysis, and then weckback
from the device. For real-time processing in thad veorld, many problems inevitably arise when pesieg
relies on cloud servers. On-device Al is a waydlves these problems. On-device Al collects, cakadaand
processes information from smart devices withoingthrough a cloud server. The convergence ofcchsiu
and on-device Al is expected to be widely used.

Reviews of on-device Al software tools can helpsthavho develop or plan on-device Al software in the
future to decide which features to use in whichimvnents.
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